Abstract-Discovering unknown adverse drug reactions (ADRs) in postmarketing surveillance as early as possible is of great importance. The current approach to postmarketing surveillance primarily relies on spontaneous reporting. It is a passive surveillance system and limited by gross underreporting (<10% reporting rate), latency, and inconsistent reporting. We propose a novel team-based intelligent agent software system approach for proactively monitoring and detecting potential ADRs of interest using electronic patient records. We designed such a system and named it ADRMonitor. The intelligent agents, operating on computers located in different places, are capable of continuously and autonomously collaborating with each other and assisting the human users (e.g., the food and drug administration (FDA), drug safety professionals, and physicians). The agents should enhance current systems and accelerate early ADR identification. To evaluate the performance of the ADRMonitor with respect to the current spontaneous reporting approach, we conducted simulation experiments on identification of ADR signal pairs (i.e., potential links between drugs and apparent adverse reactions) under various conditions. The experiments involved over 275 000 simulated patients created on the basis of more than 1000 real patients treated by the drug cisapride that was on the market for seven years until its withdrawal by the FDA in 2000 due to serious ADRs. Healthcare professionals utilizing the spontaneous reporting approach and the ADRMonitor were separately simulated by decision-making models derived from a general cognitive decision model called fuzzy recognition-primed decision (RPD) model that we recently developed. The quantitative simulation results show that 1) the number of true ADR signal pairs detected by the ADRMonitor is 6.6 times higher than that by the spontaneous reporting strategy; 2) the ADR detection rate of the ADRMonitor agents with even moderate decision-making skills is five times higher than that of spontaneous reporting; and 3) as the number of patient cases increases, ADRs could be detected significantly earlier by the ADRMonitor.
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I. INTRODUCTION
A DVERSE drug reactions (ADRs) refer to the drugassociated adverse incidents in which drugs are used at an appropriate dose and indication. They can complicate a patient's medical condition or contribute to increased morbidity, even death. Drug-induced morbidity and mortality occurs on a daily basis. The latest data that we can find in the literature show that in year 2000, there were about 100 000 deaths in the U.S. due to medical errors, of which about 7000 were attributed to drug reactions [1] . According to Laser et al. [2] , between 1975 and 1999, 548 new drugs were approved by the food and drug administration (FDA), 16 (i.e., 2.9%) of which were subsequently withdrawn from the market because of ADRs. Forty-five (8.2%) of the 548 drugs acquired at least one block box warning for an ADR that was not known when the drug was approved by the FDA for marketing (a black box warning is required by the FDA to appear in the drug package insert as well as in the physician's desk reference if substantial risk to the patient may occur or if additional information or monitoring of drug use might prevent an adverse event). Laser et al. [2] also pointed out that "Many serious ADRs are discovered only after a drug has been on the market for years. Only half of newly discovered serious ADRs are detected and documented in the Physician's Desk Reference within 7 years after drug approval."
Drug safety depends heavily on postmarketing surveillancethe systematic detection and evaluation of medicines once they have been marketed [3] . Current postmarketing methods largely rely on FDA's spontaneous reporting system MedWatch. The limitations of this system are well described [4] . MedWatch is a passive system in that it depends on voluntary, spontaneous reports of suspected ADRs to be filed by healthcare professionals, drug manufactures, and/or consumers using the system's online forms. Detection of an ADR generally relies on FDA's retrospective or concurrent review of patient cases. Because ADR reports are filed at the discretion of the users of the system, there is gross underreporting [5] , [6] . It was estimated that less than 10% of all ADR cases were reported to MedWatch [2] . Moreover, it depends on human recognition of a potential link between a drug and an apparent adverse reaction (called signal pair), and on the time and will to report the observation [7] . In addition, the rate at which cases are reported is dependent on many factors, including the time period since the drug was released into the market place, pharmacovigilance-related regulatory activity, the indications for use of the drug (which impacts prescribing frequency), and media attention [8] . Finally, the passive surveillance system is limited by latency and inconsistent [9] . Consequently, the current approach may require years to identify and withdraw problematic drugs from the market, and result in unnecessary mortality, morbidity, and cost of healthcare.
Systematic methods for the detection of suspected safety problems from spontaneous reports have been studied and practically implemented [10] . For example, the FDA currently adopts a data mining algorithm called multiitem gamma Poissson shrinker [11] for detecting potential signals from its spontaneous reports. Another important signal detection strategy is known as the Bayesian confidence propagation neural network that has been used by the Uppsala Monitoring Center in routine pharmacovigilance with its World Health Organization database [12] . However, a large number of cases are needed in order for the neural network approach to work. Various other methods, such as proportional reporting ratios [13] , empirical Bayes screening [14] , reporting odds ratios [15] , and incidence rate ratios [16] have been used in the spontaneous reporting centers of other nations (e.g., England and Australian). By utilizing data mining or Bayesian techniques, these methods have shown better performance than traditional methods even though the ability of detecting a signal varies among them [17] . However, the performance of these techniques could be highly situation dependent due to the weaknesses and potential biases inherent in spontaneous reporting [18] . When confounding exists, the signals generated by a data mining algorithm may not represent a true causal-effect relationship between ADRs and the drugs.
In this paper, we present the design of an innovative teambased intelligent agent software system, ADRMonitor, at conceptual level for actively monitoring and detecting signal pairs of ADRs. While current data mining methods for ADR detection rely on the spontaneous reports, our approach utilizes a different source of information-the electronic patient records, representing a new direction of ADR signal generation. As a result, it is possible for the proposed system to detect ADR signal pairs earlier when only a small number of cases exist that can be too few evidence for the data mining methods even to be applicable. Like the other methods, the signal pairs found by our approach will be subject to further analysis (e.g. epidemiology study) and case review and interpretation by expert drug safety professionals experienced in the nuances of pharmacoepidemiology and clinical medicine [19] . To the best of our knowledge, an agent approach to drug safety has never been suggested in the literature.
Intelligent agents are "smart" software programs that act on behalf of human users to find and filter information, negotiate for services, automate complex tasks, and collaborate with other software agents to solve complex problems [20] . Intelligent agents share some common characteristics, including autonomy, collaboration, delegation, and communication skills. A teambased agent system (i.e., multiagent system) may be defined as "a collection of autonomous agents that communicate between themselves to coordinate their activities in order to be able to solve collectively a problem that could not be tackled by any agent individually" [21] . In this paper, we use the terms "multiagent system" and "team-based agent system" interchangeably. The multiagent technology provides a new paradigm for developing software applications in a variety of fields, such as industry, commerce, entertainment, and military [22] , [23] . In the healthcare domain, exemplary applications include the agent architecture for distributed medical care (AADCare) system for integrating the patient management processes [24] , the Organ Transplant Management system for the management of organ and tissue transplants among different medical centers [25] , and the internal hospital tasks management systems for monitoring the application of medical protocols [26] . To date, the number of biomedical applications is still very limited.
We will present a multiagent system design of the ADRMonitor that covers both the national level (i.e., the FDA) and the healthcare system level. At the current stage, we focus on three important system-level questions concerning the proposed system and will provide quantitative answers via simulation study in this paper. (Now that the simulation outcomes have pointed to the value of ADRMonitor, as a logical step, we are implementing it in a clinical setting. We will report the evaluation results in the future). The questions are as follows.
1) Is the detection performance of the ADRMonitor better than that of the spontaneous reporting approach? What are quantifiable differences? 2) What should the levels of the agents' decision-making skills be in order for the ADRMonitor to outperform the spontaneous reporting approach at the best reporting rate in practice (i.e., 10%)? 3) How does the number of patient cases affect the detection performance of the ADRMonitor? The remainder of the paper is organized as follows. Section II introduces our multiagent system design. Section III describes in detail the experimental design and simulation to address these three issues. In Section IV, the simulation results are reported. We wrap up with conclusions in Section V.
II. DESIGN OF THE COLLABORATIVE TEAM-BASED SYSTEM ADRMONITOR
In this section, we introduce the overall architecture and functionality of the ADRMonitor, its agent organization and management, as well as the cognitive decision model used by an agent.
A. ADRMonitor Architecture and Functionalities

1) Overall Architecture of ADRMonitor:
The overall structure of the ADRMonitor is shown in Fig. 1 . The FDA is at the top of this structure, since it is the drug administration authority. Many healthcare systems are connected with the FDA through the Internet. Note that a healthcare system can be a hospital, a medical center, a sizable clinic, the Medicare program, a health insurance company, or any other organizations that can provide health-related electronic data for identifying potential drug safety signals. Experts in the FDA and healthcare professionals in local healthcare systems have their own intelligent agents, which would collaborate with each other in order to effectively identify unknown ADRs. These intelligent agents are accessible by any computer connected to the Internet. Both the FDA and the healthcare systems have their own databases. The database in the FDA stores the spontaneous reports filed by healthcare professionals, consumers, etc. These reports are valuable for experts at the FDA to conduct population level analyses (e.g., data mining and epidemiological study) as well as case analysis. The databases at each local healthcare system contain detailed information (e.g., pharmacy data and clinical laboratory data) of its patients. The data are important since they provide, among other information, direct or indirect evidence of the clinical state, comorbid conditions, and the progress of the patients [27] .
Safety evaluators at the FDA regularly assess the spontaneous reports. Each of them would have an intelligent agent to help him/her perform his/her duty (e.g., requesting details of a particular suspected patient case and/or similar patient cases from local healthcare systems via their intelligent agents). Detecting unknown ADRs is a complex process, often requiring expertise from a variety of specialists (e.g., physicians, pharmacists, chemists, and epidemiologists). At the FDA, each of these experts would have his/her own intelligent agent to assist in performing various analyses (e.g., epidemiologic studies) and gathering necessary information. There can be multiple safety evaluator agents, pharmacist agents, and epidemiologist agents, although only one of each is illustrated in Fig. 1 .
2) ADRMonitor Architecture at the Local Level: The detailed agent architecture in a healthcare system is presented in Fig. 2 . Note that we use a medical center as an example to illustrate the agent system architecture. For other types of healthcare systems (e.g., health insurance company), the agent architecture would be similar while the local users and their intelligent agents could be different. In a medical center, there can be multiple safety officer agents and more than one other professional agent, although only one of each is illustrated in Fig. 2 . The agent users in such a healthcare system include physicians, drug safety officers/managers, and other healthcare professionals (e.g., pharmacists and nurses). These agents would collect useful information and help the local users identify signal pairs of potential ADRs. There are four different data collection and monitoring agents, each of which corresponds to a specific type of data source for ADR detection (i.e., administration database, pharmacy database, laboratory database, and electronic patient medical records). These agents will receive data collection tasks from other agents, and then, query the corresponding databases for desired data. Furthermore, they continuously monitor their respective databases and proactively provide data to agents who need them. Administrative coding of diagnoses and procedures is a routine part of billing procedures for medical care and is a universally available electronic data source that can be utilized in ADR surveillance. These data are coded in the form of International Classification of Diseases, Ninth Edition, Clinical Modification (ICD-9-CM) and physicians' Current Procedural Terminology (CPT), two widely used coding standards. Pharmacy data, clinical laboratory data, and patient medical records are the three other sources of information.
All the professional agents (e.g., the physician agents) use the recognition-primed decision (RPD) model while the other agents, such as the management agents, and data collection and monitoring agents, do not. Since the human professionals are responsible for submitting spontaneous reports, the RPD model would help them assess the strength of causality of signal pairs (i.e., ADRs). Different types of professional agents (e.g., physician agents versus pharmacist agents) have different domain knowledge bases to map the fact that different types of professionals have different expertise and would evaluate signal pairs from different perspectives. (Experts' initial knowledge about a new drug can be obtained by analyzing the results of the premarketing clinical trials and the medical literature, as well as by using their prior ADR experience in the other drugs that are in the same class as the new drug.) For the same type of agents, we assume that different agents use the same cues to assess signal pairs, but they may view the cues differently in order to reflect different levels of skills of different professionals. For example, different physician agents may have different weights on the cues or different definitions of the membership functions for the same fuzzy cue. Note that there may exist inconsistencies among the agents in that different agents have different expertise and different levels of skills. One assumption of this study is that medical expertise and skills are not uniform across agents. This is true for the ADR problem, for example, all the spontaneous reports submitted to the FDA are based on personal recognition and assessment of perceived adverse effects. However, we do believe that collaborations among intelligent agents with complementary expertise would help to make more accurate evaluation of signal pairs. We will explore this in our future work.
We suppose that no conflicts exist in the agent community over resource sharing because the system is not very time critical and a slight ADR detection delay (e.g., in minutes) is acceptable. We believe that all the competing requests from different agents to access the resources can be adequately managed if the system is properly designed.
3) Functionalities of ADRMonitor: With this system design, the safety evaluators at the FDA have at least three ways to discover unknown ADRs, which are complementary to one another. First, they could apply a current data mining algorithm to collected spontaneous ADR reports. Second, they could perform patient-specific ADR reviews by analyzing the details (e.g., temporal relationship between taking a drug and occurrence of an apparent adverse event, concurrent medications, and important laboratory data) of the relevant individual patient cases collected by their agents. Third, their agents could help them perform epidemiologic analyses at the population level by collecting similar cases distributed across all the healthcare systems, and in association with epidemiologists, assist them to design epidemiologic studies (e.g., case-control or cohort studies). The safety evaluators' intelligent agents could also track further development of the suspected patient cases under the help of the agents in the local healthcare systems. For example, a safety evaluator may be interested in what happens to the patient after the suspected drug is discontinued. In general, the safety evaluators could more easily determine the causal relationship between a potential ADR and a drug.
In the proposed agent architecture, all the intelligent agents at the FDA and different healthcare systems would collaborate with each other and assist the FDA's safety evaluators to more effectively make decisions. For example, after analyzing a spontaneous report concerning an unknown potential ADR, the safety evaluator may need similar cases in order to further analyze whether a true causal relationship exists in this particular drug-ADR pair. Therefore, the safety evaluator could send the information request via his/her intelligent agent to the management agents at different local healthcare systems, which will then forward the request to the corresponding data collection and monitoring agents. These agents would search the local databases and provide similar cases to the evaluator. Furthermore, the data collection and monitoring agents could continuously monitor their databases in order to find future similar cases, and proactively forward them to the relevant safety evaluator agents. After receiving the collected information, the safety evaluator will make a further analysis. He/she may need the inputs of other experts at the FDA (e.g., pharmacists and epidemiologists) before deciding what to do with this signal pair. At the local healthcare system level, different intelligent agents can also help each other (e.g., a physician agent may need inputs from a safety officer agent before it files a report).
There are several ways to trigger the collaborative surveillance process of the ADRMonitor at the local healthcare system level or at the national level. First, the system can always monitor some potential adverse effects like death and hospitalization for any new drugs of interest. These adverse effects can be predetermined and entered into the system by a safety evaluator at the FDA or a safety officer in a local healthcare system, which trigger the surveillance process. Second, a safety evaluator or a drug safety officer/manager can anticipate and enter (through his/her software agent) a list of suspected drug-ADR signal pairs based on premarketing clinical trials, and the drug's pharmacodynamic and pharmacokinetic characteristics, which are available at the FDA. Third, a safety evaluator or a safety officer/manager can actively trigger this system at any time when he/she receives reports or information from other sources (e. g., the safety alerts issued by the FDA and new case reports in the literature) that raises concerns about possible ADRs. Fourth, once a physician finds potential adverse effects on his/her patient, he/she can, with the help of his/her agent, search more information or simply file a report to the safety officer or to the FDA, which will trigger the surveillance process for that drug.
In general, intelligent agents at different levels could collaborate with each other in order to monitor different data resources, collect information, make decisions, and share decision-making results. Communications among agents and the networking scalability are two major advantages of the ADRMonitor system. When more healthcare systems are connected to the ADRMonitor, the ability to detect rare ADR signal pairs would be greatly enhanced.
B. Agent Organization and Management
The organization and management of intelligent agents is a very important issue in a large distributed multiagent system. To address this issue, we propose a hybrid agent organization strategy based on our analysis of the system's requirements and constraints (e.g. privacy, scalability, security, and generality). Within each healthcare system, the unique management agent and many healthcare professional agents (each assisting a unique healthcare professional) take the classic client/server model, which is widely used for distributed applications. In this model, while the server node provides most of the services or capabilities of the system, the client nodes just access and use them. In our case, the management agent works as a server that provides services for all the healthcare professional agents in the same healthcare system. The healthcare professional agents work as clients who can initiate requests. In the FDA, the National Regulatory Authority Agent and all the safety expert agents also use the client/server model. At the healthcare system level, a client/server model would not be desirable because a healthcare system is expected to be an autonomous peer that can initiate communication and provide capabilities for other healthcare systems. One possible solution is to use the peer-to-peer (P2P) model, where all the peers are treated equally and the service is distributed among all the peers of the network. However, for the pure P2P model, it is difficult to maintain the coherence of the network and discover new peers. Also security is an important issue for the pure P2P model, since each node is allowed to join the network without any control mechanism. We thus take the hybrid model, a model between the client/server model and the pure P2P model. That is, a high-level node (i.e., the National Regulatory Authority Agent) is added to the top of all the healthcare systems and at the same time different healthcare systems can still communicate with each other through their management agents. The National Regulatory Authority Agent has the highest authority from the perspective of agent management in the whole agent framework. For example, all the intelligent agents at the FDA and all the management agents in healthcare systems (see Fig. 2 ) must be registered and authenticated through this Agent before they can be recognized by other agents in the framework. To avoid being a possible communication bottleneck, the National Regulatory Authority Agent only provides necessary services (e.g., providing namephysical address associations for new comers). Moreover, the caching mechanism can be implemented for each healthcare system so that the name-physical address associations are stored locally and the National Regulatory Authority Agent is contacted only when the address information is missing.
Scalability is another major issue in a large distributed system. To reduce communication overhead, it is reasonable to divide people as well as their supporting agents into different groups or teams. For instance, a group of experts and their agents focusing on a particular ADR can form a (virtual) team. Of course, a human expert and his supporting agent could be a member in multiple teams. The formation of a virtual team would be transparent to the end users. When a safety expert makes a query or a healthcare professional provides supporting information, he/she can be automatically added to a team according to the suspicious drug (or its class) and the suspected adverse outcome. To achieve this, we need to find a strategy of classifying drugs on the market and embed the classification information in our proposed framework. The National Drug Code (NDC) system is chosen as a therapeutic or pharmacological classification scheme in which each NDC, a unique ten-digit number, serves as a universal product identifier for drugs reported to the FDA.
A more concrete and technical description of the agents, their functions and roles, as well as hierarchy formalization in the context of ADR detection can be found in our previous reports [28] , [29] .
The remaining issues include agent communication, interoperability, and service registry. We have found that the Java agent development environment (JADE [30] ), one of the agent system development software packages, can readily handle them. We are using it to implement these aspects of ADRMonitor. JADE is an integrated tool suite for constructing, managing, and testing intelligent software agents. It fully complies with the Foundation for Intelligent Physical Agents (FIPA) specifications and adopts FIPA ACL as agent communication language. The FIPA standards allow agents effectively interoperate with each other. JADE also provides agent management, a white-page service through which an agent can register and discover other agents, and a yellow-page service through which an agent can publish and search for "services." An agent is allowed to subscribe services. Whenever a service registration or modification is made, the agent will be notified.
C. Fuzzy RPD Model
Each intelligent agent of the healthcare professionals and the safety experts is equipped with a cognitive decision-making model to characterize the agent's decision-making behavior. There exist two different categories of cognitive decisionmaking models. One is the rational decision-making approach [31] , and the other is naturalistic decision making. The RPD model [32] is a popular model of the latter category with a solid theoretical foundation. It is particularly useful when used to model how human experts make decisions based on their prior experiences. The RPD model focuses on situation assessment due to the fact that experts spend most of their time and energy on understanding the decision situation, and that once the situation is recognized, decision making is almost automatic. One study showed that 50% to 80% of all decisions were made in this way [33] , while another investigation indicated that 95% of all the decisions made by the naval officers on a cruiser followed the RPD model [34] . We chose to use the RPD model to represent the decision-making behavior of the ADRMonitor's agents. The original RPD model is descriptive and is not directly implementable on a computer. Hence, we developed a fuzzy RPD model [35] , which is not only computational, but also capable of handling vague and subjective information using fuzzy logic [36] , [37] .
RPD is an experience-based model that employs "situationexperience matching" decision rules to determine, which prior experience can be utilized to solve the current problem. The experiences acquired by solicitation with the physicians on our project team were stored in an experience knowledge base. Fig. 3 is a sample experience illustrated in natural language for easier understanding. As shown, an experience consists of four components-cues, goals, actions, and expectancies. Cues represent the higher-level information (synthesized from elementary or environmental data) that a decision maker must pay attention to. Expectancies describe what will happen next as the current situation continues to evolve in a changing context. Goals represent an end state that the decision maker is trying to achieve. Actions represent a set of potential decisions that the decision maker can take in the current situation. Cues are used to match the current situation with prior experiences. This sample experience has four cues: temporal association, other explanation, dechallenge, and rechallenge. Temporal association refers to the temporal relationship between taking the drug and occurrence of the adverse event. Other explanations denote alternative explanations by concurrent disease or other drugs. Dechallenge is defined as the relationship between withdrawal of the drug and abatement of the adverse effect. Rechallenge describes the relationship between reintroduction of the drug and recurrence of the adverse event. The type of a cue could be quantitative, nominal, or fuzzy in the proposed computational fuzzy RPD model. For instance, the cue temporal association may have fuzzy values (e.g. unlikely, possible, and likely). The weights for these cues are design parameters and are assigned by domain experts. Table I shows that how the four cues are related to degree of causality of a signal pair and gives four examples.
The experience knowledge base is an integral part of the fuzzy RPD model [38] . It is for the task of assessing suspected ADR signal pairs, and is built through the joint efforts of our engineering and medical team members after careful analysis of the relevant literature. According to the classification scheme in [39] , a particular pattern of cue values characterizes a specific degree of causality, which may require certain courses of action to handle the ADR. Therefore, we can define various experiences, each of which is associated with a degree of causality (e.g., very likely, probable, and possible). These experiences form the experience knowledge base. The number of experiences in the base is related to the complexity of the ADR detection objectives and the base is scalable in that more (or less) experiences can be added (or deleted) when needed. The addition and deletion can be manual, or conceptually automatic.
After representing the experiences, the next step is to extract the cue values from elementary data for the current situation. Fuzzy rules and fuzzy reasoning are used to achieve this task. For example, to obtain the fuzzy value of temporal association, one of the fuzzy rule "if the time duration between taking the drug and the occurrence of the adverse event is short, then temporal association is likely" is used. An embedded fuzzy inference engine is employed to perform fuzzy reasoning. The inference engine is what drives the RPD model, updating cues once new information is detected, and monitoring expectancies and goals. After the cue values of the current situation are known, similarity measures are needed to measure the degree of matching between the current situation and prior experiences. We developed our own similarity measures to identify the experience that was applicable to the current situation in a specific decision-making context. Once the most applicable experience is identified, the action(s) in that experience is used to solve the current problem.
Fuzzy rules and fuzzy reasoning were implemented using the freeware fuzzyjess [40] , a Java-based fuzzy inference engine. It allows the user to use Java language to define membership functions, set antecedent, and consequent of a fuzzy rule, and make a fuzzy inference. This made it easier to integrate the reasoning process with the other parts of the RPD model, which were also implemented with Java.
From the perspective of reusing prior experiences/cases to solve current problems, the RPD model is similar to case-based reasoning. However, the RPD is different from case-based reasoning in several aspects: 1) RPD originates from cognitive studies about how human experts make decisions. In some sense, it is a more complete and systematic model developed to specifically describe the cognitive decision-making process; 2) the decision making in RPD is more viewed as a gradual, iterative procedure instead of one critical momentary decision-this feature makes it more appropriately to capture the decision-making process in domains like medicine; and 3) RPD stresses the real-world decision-making settings with time constraints, voluminous information, ill-structured problems, etc. In addition, our integration of RPD and intelligent agents enables constant tracking and monitoring of the decision process. For instance, once new information violates the "expectancies" of the model, prior decisions will be reevaluated. For more details of the fuzzy RPD model as well as concrete examples, the reader is referred to our previous study [35] .
The fuzzy RPD model was preliminarily validated by first optimizing it, and then, using the resulting model to calculate the extent of causality between cisapride and some of its adverse effects for 100 simulated patients created based on the profiles of the same 1015 Veterans Affairs (VA) Medical Center patients mentioned earlier. There were 18 model parameters, which included four weights for different cues and 14 parameters to characterize the fuzzy sets used in the fuzzy RPD model. They were optimized using a genetic algorithm so that the model could best mimic the decisions of the two physicians at the same time (i.e., mimic their underlying consensus). We tried different settings of the genetic algorithm so as to obtain an optimal result within a modest computing time. The genetic algorithm's (GA) elitism rate and cullage rate were set at 0.05 and 0.4, respectively. A two-point crossover and a mutation with mutation rate of 0.01 were applied to generate new members.
The model's validity was then established by comparing the decisions made by the optimized model and those by two independent experienced internists for the 100 simulated patients. The levels of agreements were measured by the weighted Kappa statistic, which is an estimate of agreement between two raters after chance agreement is controlled. Kappa statistic ranges from 1 (complete agreement) to 0 (totally disagreement). As suggested by Landis and Koch [41] , agreement is considered to be excellent when the weighted Kappa statistic is over 0.75, fair to good when it is between 0.4 and 0.75, and poor when it is less than 0.4. In our case, the Kappa statistics for physicians 1 and 2 versus the genetic-algorithm-optimized model were 0.939 and 0.7, respectively, while the statistic for physician 1 versus physician 2 was 0.657. The results suggested good to excellent agreements [35] .
III. SIMULATION STUDY
Reporting rate of the ADRMonitor is effectively 100% because it continuously monitors the data sources and the agents collaborate consistently to detect potential ADRs. Conceptually, it should have the potential to outperform the current spontaneous reporting approach given that the intelligent agents could actively track patient cases, alert physicians regarding potential new ADRs, and provide more detailed information to safety officers. We will quantify the performance through computer simulation. Another important issue is as follows. From the perspective of artificial intelligence (AI), it is very difficult to equip each of the intelligent agents with the same high level of decision-making skills that human experts possess. The individual agents' decision-making skills will likely be inferior to experienced healthcare professionals. Logically, in order for the ADRMonitor to be superior to the current system, it is essential that the agents collectively have better signal pair detection performance than experienced human experts who fail to report over 90% potential ADR cases (i.e., less than 10% reporting rate). We now explore the answer to this question using simulation. Last but not least, how does the increase of patient cases affect the ADR detection performance of the ADRMonitor? Conceptually speaking, ADRs are difficult to detect when the number of patient cases is small. If more physician groups, and in turn more patient cases, are included in the multiagent network, the rate of detection will be greatly accelerated. To explore this issue quantitatively, we will simulate and compare ADRMonitor' detection process when different numbers of physician groups are connected.
In all of the simulations concerning these three issues, we assume that agents collaborate efficiently and that they can access the desired information instantaneously. A similar assumption is applied to the spontaneous reporting approach-the healthcare professionals have all the necessary information handy for filing a report. Note that, in this paper, we focus on evaluating the performance of a group of physician agents. Other professional agents are not evaluated because at this stage our primary goal is to design a multiagent framework (i.e., ADRMonitor) and establish its superiority in detecting drug-ADR pairs relative to the spontaneous reporting approach using simulation. Physician agents are chosen because physicians hold the key to ADR detection and are reporting many more (possible) ADRs than other healthcare professionals. For example, after studying all those spontaneous reports submitted to the FDA by different healthcare professionals in 2008, we found that physicians reported 57.5% of the total cases, while pharmacists and other professionals reported 11.4% and 31.1% of the total cases, respectively.
A. Real Patient Data as a Basis for Simulation Investigation
The drug cisapride was introduced into the marketplace in 1993 upon approval by the FDA for the treatment of gastroesophageal reflux. Seven years later the drug was removed from the marketplace because of idiosyncratic, high-risk adverse reactions. With approvals from the Human Investigation Committees of Wayne State University (WSU) and the VA Medical Center in Detroit, we retrieved all the patients treated with cisapride at the VA Medical Center between 1993 and 2000. The sources for the data included the standard hospital discharge abstract database and the pharmacy database. A statistically deidentified dataset was produced for analysis. A total of 1015 patients were found that had received cisapride on one or more encounters in the institution. The total number of prescriptions was 2803. We found that the number of apparent signal pairs of potential ADRs (i.e., cisapride and Torsades de Pointe, and/or syncope) in the patient data is very limited. Therefore, we used the real patients to create simulated patient cases in order to conduct the simulation.
B. Creation of Simulated Patient Cases
To create simulated patient cases, we utilized the real patient cases to identify the important parameters that would provide useful information for weighing potential causal linkages among signal pairs. The determination of the value range for each parameter was based on the analysis of real patient data by the experienced physicians on the project team. We generated simulated patient cases by assigning the parameters with random values within the ranges. The case generation was accomplished in a way that simulated the observed distribution of cisapride prescriptions over time, but at a rate that was increased 100-fold (i.e., 280 300). The much higher number of cases was needed to represent the number of prescriptions that would be ordered by physicians in 100 medical centers individually comparable to our VA Medical Center. In our simulation study, we assumed that these medical centers were connected by the ADRMonitor through computer networks. This assumption was appropriate and reasonable because in reality it is difficult to detect ADR signal pairs when the number of cases is small as the occurrence rate of most ADRs is low. As a result, we obtained a total of 275 400 distinctive simulated patient cases. Based on our literature research and the opinions of our expert physicians and biostatisticians, the categories of signal pair strength for these simulated cases and their distribution were estimated as: very likely (0.01% of the total cases), probable (0.02%), possible (0.02%), unlikely (0.02%), and no pair (99.93%). For the purpose of our simulation study, a signal pair that was labeled or evaluated as "very likely" was treated as an ADR. Thus, the ADR occurrence rate was 0.01% (i.e., total 27 cases) among the simulated cases. All the simulated patients were stored in a microsoft access database.
C. Simulated Physicians and Simulated ADRMonitor Agents 1) Simulated Physicians:
The optimized fuzzy RPD model introduced in Section II-C was treated as a gold standard in this paper. We used it to create 200 different simulated physicians in the following manner (we employed 200 because the number of internal medicine and family medicine physicians in the WSU outpatient physician group was about 200, which was considered to be representative for major healthcare centers in the nation). We randomly generated 50 000 sets of the parameters of the fuzzy RPD model, all within reasonable ranges. The model with a specific set of parameters represented a particular physician. Different parameter sets represent different physicians with various levels of experience and decision-making skills. In order to select 200 physicians, whose decision-making skills have a reasonable distribution, each simulated physician evaluated the 100 simulated patient cases, and its agreement with the optimized model, as measured by weighted Kappa statistic, was calculated. The skills of the 200 simulated physicians were selected based on their Kappa statistics in a way that the number of physicians in each Kappa category would roughly follow a sort of normal distribution: 15% (0-0.4), 70% (0.4-0.75), and 15% (0.75-1.0).
To include physicians' potential errors occurring in the process of evaluating patient cases, we assumed that patient cases with no signal pairs could be mistakenly classified as ADR signal pairs in a random fashion at a rate of 0.001%.
To address the three questions raised in the Section I, one way would be to use 100 physician groups of the same size (i.e., 200 × 100 = 20 000 physicians), since the number of simulated patient cases was comparable to that treated by that many physicians in 100 medical centers. However, we found the computing time required to evaluate all the 275 400 simulated patients prohibitively long on our 2.0 GHz PC. Alternatively, we randomly assigned the patients in an indirect way. We selected only 2754 from the 275 400 patient cases to form a database, and only these 2754 cases were used in the simulation. In selection, we kept all the cases in the categories of "very likely," "probable," "possible," and "unlikely" in the 275 400 cases and randomly picked up some cases in the category of "no pair." Hence, the distribution of the new patient pool was: very likely (1%), probable (2%), possible (2%), unlikely (2%), and no pair (93%). The total number of "no pair" patients excluded was 272 646 (i.e., 2 757 400 × 99.93%-2754 × 93%). Nevertheless, the effect that these excluded "no pair" patients would exert on the signal pair detection was still reflected in the simulation study. It was represented via the 0.001% physician random error rate. The number of excluded "no pair" patients that could be mistakenly evaluated as ADR signal pairs by the simulated physicians is 2.7 cases (i.e., 272 646 × 0.001%), which were included in the simulation. By such an arrangement, simulations involving the 2754 simulated patients evaluated by the 200 simulated physicians would yield results comparable to those achieved by directly evaluating the 275 400 simulated patients by 20 000 physicians.
The same setting was applied to the ADRMonitor agents.
D. Simulated ADRMonitor Agents
When creating simulated ADRMonitor agents, we supposed that 1) the dedicated ADRMonitor agent of a real physician possessed a comparable decision-making skill as the physician did; and 2) the agent could be set up to substitute the physician for making decisions. These assumptions are based on the expectation that an agent can gradually and continuously learn a physician's decision-making skills by adjusting the parameters that model its decision behaviors. That is, every time the physician makes a decision, the agent would compare its own decision with the physician's decision and accordingly adjust it parameters using a learning algorithm. When the agent's decision-making skills are close enough to the physician's decision-making skills, the physician would be confident to let the agent substitute him/her for making decisions. These assumptions led us to use the same 200 RPD models representing 200 physicians as 200 ADRMonitor agents (the random human error component was removed as the agent was a computer program that would not make such a mistake). These 200 agents were utilized when studying the first and third questions mentioned earlier. For the second question, different agents were necessary because we needed different groups of agents, each of which contained 200 agents with the same level of decision-making skills. We realized this goal by choosing those RPD models whose Kappa statistics were the same with respect to the optimized RPD model.
E. Simulation Settings
We compared the performance of the 200 simulated physicians with that of the 200 simulated ADRMonitor agents (there were multiple groups of them) in assessing the strength of the signal pairs between cisapride and Torsades de Pointe, and/or syncope. The decisions made by the simulated physicians and the simulated ADRMonitor agents were compared with those of the optimized RPD model, which was the gold standard (recall that this optimized model extracted and represented the consensus of two experienced physicians).
During the simulation, the simulated patient cases were randomly retrieved one by one from the database. The simulated physicians as well as the simulated ADRMonitor agents were randomly assigned with the cases. A simulated physician or agent could be selected by chance for more than one time for different patient cases. This implies that some simulated physicians or agents would never be picked up due to the randomness. The simulated physician first checked whether a drug-ADR pair of interest existed in the patient case. If it exist, the physician then assessed the strength of association of that pair. A randomly selected ADRMonitor agent then performed the same task on the case. Regardless which of the three issues raised in Section I was studied, all the signal strengths determined by the agents would always be used (i.e., 100% reporting rate). On the other hand, whether the assessment generated by a physician would be included depended on reporting rate that we set.
To study the first issue, we set the simulated physicians' reporting rate at various levels between 1% and 10% in order to investigate how the reporting rates affect the ability of detecting ADR signal pairs (keep in mind that 10% is at the high end of spontaneous reporting rates estimated in the literature). When the rate was set at, say 10%, it means that the signal strengths of 90% patient cases were randomly ignored by the simulated physicians for reporting. To explore the second issue, we created seven groups of 200 ADRMonitor agents, using the RPD models with seven Kappa statistics levels from 0.4 to 1 with increment of 0.1. As stated in aforementioned Section III-C, while the agents with the Kappa statistic value of 1 have excellent decision-making skills, and the agents with the value of 0.4 have poor decision-making skills compared with the gold standard (the optimized RPD model). To address the last question, the same 200 simulated ADRMonitor agents with different decision-making skills created previously were used. Four additional patient pools in different sizes were created. The sizes were proportional to the number of physician groups that were assumed to work together. For example, one patient pool was for the situation when ten physician groups was supposed to work together, which is 10% of the 100 physician groups assumed in the study of the first two issues aforementioned. Then only 10% of the patients was selected to the pool.
The ADRMonitor system and the spontaneous reporting approach were compared in terms of ADR detection rate, false positive rate, and false negative rate. Because of the random nature of selecting a simulated physician or an ADRMonitor agent, we ran each simulation experiment ten times and used the averages as results. The simulations were implemented using the Java programming language. In addition, several existing Java packages (e.g., fuzzyjess [40] ) were utilized in order to handle fuzzy logic. The implementation of the genetic algorithm was based on a Java open-source package [42] . We expanded the package to meet some specific requirements of our simulations. Fig. 4 shows the comparison of the total numbers of accumulated potential ADR signal pairs, including false positive ADR signal pairs, as detected by the simulated ADRMonitor system and the spontaneous reporting approach with 10% reporting rate between 1993 and 2000. It is for the study of the first question mentioned in Section I. According to the figure, no potential ADR signal pairs were detected during the first 26 months after the drug became available because only a small number of patients had taken the drug. Owing to the 100% reporting rate, the ADRMonitor was able to detect many more potential ADR signal pairs than the current spontaneous reporting strategy could do best (i.e., at the highest reporting rate in practice). Fig. 5 gives the comparison of the accumulated true ADR signal pairs (by our definition given earlier) detected by the optimized RPD model (gold standard), the ADRMonitor, and the spontaneous reporting. It reveals that 20.6 out of 27 ADR signal pairs were detected by the ADRMonitor, leading to a detection rate of 76.3%. In contrast, only 2.9 out of the 27 pairs were detected by the spontaneous reporting approach, resulting in a detection rate of merely 10.7%. That is, the number of true ADR signal pairs detected by the ADRMonitor was 6.6 times higher than that by the spontaneous reporting strategy. Obviously, the ADR signal pairs could be detected earlier using the multiagent system approach. Table II presents the detailed detection performance of the 200 simulated physicians under different reporting rates from 1% to 10%. It shows how the increase of reporting rate affects the detection performance. For example, if the reporting rate increases from 3% to 7%, the detection rate will increase from 1.5% to 4.8%. This suggests that ADR signal pairs could be detected earlier by human experts with the help of the ADRMonitor system if the experts would take advantages of the ADRMonitor (e.g., intelligence, proactivity, and real-time surveillance) and file more spontaneous reports. Now, let us examine the simulation results concerning the second issue. Table II with Table III , one sees that even if agents' Kappa statistic is only 0.4, its detection rate (64.4%) is still much higher than the 200 physicians with 10% reporting rate can achieve (10.7%). That is, the ADR detection rate of the ADRMonitor agents with even moderate decision-making skills was five times higher than that of spontaneous reporting. Understandably, the false positive rate (61.3%) and false negative rate (21.3%) of the ADRMonitor are somewhat worse than the respective 46.3% and 16.7% of the simulated physicians. A logical conclusion is that even when the ADRMonitor's individual agents' decision-making skill is moderate only, their collective ability in identifying potential ADR signal pairs can still be better than the spontaneous reporting strategy. The underlying reason for the advantage is the equivalent 100% reporting rate of the ADRMonitor agents.
IV. SIMULATION RESULTS
The simulation results covering the third issue are depicted in Fig. 6 , where it shows the accumulated average true ADR signal pairs detected when different numbers of physician groups are supposedly linked via the computer networks by the ADRMonitor system. As expected, the more the physician groups are connected, the earlier the ADR signal pairs are detected. The value of Fig. 6 is that it quantifies this expectation. For instance, suppose that to make a decision on a drug (e.g., withdrawal or assignment of a black box warning), at least five true ADRs would need to be detected. Then, not enough evidence could be collected for making the decision in the time period of interest if only ten physician groups are connected. However, if 30 groups would work together, sufficient information for the decision would be collected 65 months after the drug is used. If 70 groups collaborate instead, a decision would be reached 15 months earlier.
V. CONCLUSION
We have developed a collaborative, team-agent framework that aims to help safety experts in the FDA and healthcare professionals in healthcare systems to achieve better postmarketing surveillance and earlier detection of potential ADRs. In this framework, a group of collaborative agents would effectively search and track relevant patient information, provide alerts on significant or unexpected adverse reactions, and interact with drug safety experts (e.g., drug safety evaluators). Using the fuzzy logic-based computational RPD model, emulating different decision-making skills of physicians and ADRMonitor agents, our simulation study explored the system's detection performances. Our quantitative simulation results show that 1) the agent framework has the potential to identify possible ADR signal pairs more effectively than the current spontaneous reporting approach; 2) even intelligent agents with moderate decision-making skills can collectively detect more ADR signal pairs and accelerate the reporting process because their reporting rate approaches always 100%; and 3) the more physicians that are linked with and use the ADRMonitor, the earlier the pertinent ADR signal pairs can be detected. Although a particular drug (i.e., cisapride) is used, our approach is generally applicable to detection of the ADR signal pairs caused by any other drugs. This is because the cues (e.g., temporal association, rechallenge, and dechallenge) are universal in detecting ADR signals regardless of drugs. Having established the advantages of ADRMonitor over the spontaneous reporting approach quantitatively, we are now in the early stage of implementing ADRMonitor in a clinical setting. We will continue to use the knowledge-based approach (e.g., the fuzzy RPD model and the fuzzy expert system technique) to detect ADR signal pairs. The advantages of our approach over other AI approaches (e.g., neural networks) include: 1) explicit and effective utilization of expert knowledge in the form of if-then rules; and 2) the reasoning chain between the cause and the effect is always available for human to examine and understand. Issues that cannot be properly investigated in simulation are being addressed. They include design of adequate graphical user interface, improvement of ADR detection rate, and minimization of the false positive detection rate. The overall goal is to enhance the system's clinical utility to ensure end user acceptance. We will report the results when they become available in our future publications.
